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Abstract

When a wearable gait predictor is personalized to a new user, a short calibration session
may contain missing channels, sensor-placement changes, electrode shift, noise, fatigue,
or other non-ideal effects. Treating all calibration samples as equally trustworthy can
overpersonalize the prediction head and induce harmful drift away from the source model.
We study calibration quality as a control signal for new-user personalization and pro-
pose Dynamic Trust-Region Head Adaptation (DTR-HA), a head-only adaptation rule
that combines reliability-weighted calibration loss with a reliability-scaled source-head
anchor. The temporal encoder is frozen, and lower reliability strengthens a soft source-head
penalty. The Bilateral Lower-Limb Neuromechanical Signals dataset (BLISS) defines the
target early gait-phase prediction task with 21-subject leave-one-subject-out evaluation;
complete-bout calibration/test separation; and 0, 100, and 200 ms horizons. K2MUSE sup-
plies real non-ideal calibration conditions for mechanism-level stress testing. In K2MUSE
75% bad-calibration tests with a held-out blind context-based reliability scorer, DTR-HA
reduced empirical risk by 20–23% relative to plain head adaptation, improved macro-F1
by 0.018–0.022, and achieved 25/28 paired subject–condition wins with fewer negative-
adaptation cases. In a secondary BLISS calibration-pollution check, DTR-HA kept macro-F1
within 0.003 of plain head adaptation while reducing calibration-induced head drift across
all horizons. These results support calibration quality as an adaptation-stage control signal
for stable, lightweight wearable gait personalization under unreliable calibration.

Keywords: wearable sensing; lower-limb gait prediction; reliability-aware adaptation;
few-shot personalization; calibration quality; sensor degradation; new-user adaptation

1. Introduction
Wearable lower-limb sensing is an applied motion-prediction problem for gait moni-

toring, lower-limb assistive devices, prostheses, exoskeletons, and rehabilitation robots. A
sensing front end that estimates gait phase or locomotor intent can inform when a down-
stream system should prepare assistance, reduce assistance, request recalibration, or remain
in a conservative state [1–5]. In these systems, prediction errors are not merely offline
classification mistakes: unreliable personalization can move the sensing front end toward
a decision boundary that is inconsistent with the user’s true locomotor state. Overconfi-
dent or mistimed predictions may destabilize assistance timing, and an uncertainty-aware
fallback can be preferable to forcing a low-quality prediction.
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Wearable gait-prediction models are commonly evaluated as recognition or forecasting
models. New-user personalization adds a second decision: after a short calibration session
is collected, should the source model be adapted, and how strongly should those data
influence the update? Calibration data in wearable sensing can be sparse, subject-specific,
and non-ideal. A model is often trained on a group of subjects and then used on a new
individual whose gait dynamics, neuromuscular activation, impairment level, walking
speed, and sensor placement can differ substantially from those of the training set. Few-shot
personalization can reduce this mismatch, but it introduces another practical assumption:
the calibration data provided by the new user are reliable. In lower-limb wearable sensing,
this assumption is fragile. Surface electromyography (EMG) patterns can vary with arm
position, electrodes can shift, contact quality can degrade, fatigue can alter activation
patterns, channels can be missing, and inter-day acquisition differences can move the
calibration distribution away from the source distribution [6–8]. Thus, this study centers
on adaptation-stage reliability rather than increasing backbone capacity.

We ask whether calibration reliability can regulate prediction-head adaptation and
reduce negative adaptation under polluted calibration. Negative adaptation means that
personalization lowers macro-F1 relative to the source-only model for the same held-out
user and test set. The method studied here, Dynamic Trust-Region Head Adaptation (DTR-
HA), is a reliability-controlled source-anchoring rule for head-only new-user adaptation.
For each held-out user, a source temporal model is trained on the training subjects. During
personalization, the temporal encoder is frozen and only the task-specific prediction head is
adapted. DTR-HA uses reliability at two levels: window-level scores weight the calibration
loss, and calibration-set reliability scales a soft penalty around the source head. Lower
reliability therefore increases the penalty on head movement instead of imposing a hard
displacement limit.

Public datasets are used deliberately to evaluate this engineering question under
reproducible conditions. The Datasets for Bilateral Lower-Limb Neuromechanical Signals
in Able-Bodied and Impaired Individuals with Wearable and Ambient Sensors (BLISS) [9]
establish the main early gait-phase prediction protocol: full 21-subject leave-one-subject-out
(LOSO) evaluation; future prediction at 0, 100, and 200 ms; complete-bout calibration/test
separation; and few-shot head adaptation. K2MUSE [8] provides real non-ideal acquisition
variability, including fatigue- and shift-related calibration conditions. An additional BLISS
target-pipeline stress test checks whether the same drift-control behavior appears when only
held-out BLISS calibration bouts are polluted. Existing studies of wearable gait-recognition
technology often emphasize model architecture or recognition accuracy; the present work
instead focuses on calibration quality as an adaptation-stage variable during new-user
personalization.

This study’s main contributions to the literature are as follows:

1. Method: DTR-HA is a reliability-scaled source-anchoring rule that combines window-
level reliability weighting with calibration-set control of the prediction-head penalty.

2. Evaluation design: This work uses a leakage-safe BLISS protocol for 21-subject LOSO
early gait-phase prediction with complete-bout calibration/test separation. This is an
evaluation design for the present study, not a new dataset or a separate method.

3. Evidence: K2MUSE provides real non-ideal calibration stress evidence, while the
additional BLISS calibration-pollution check tests drift control inside the target gait-
prediction pipeline.
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2. Related Work
2.1. Wearable Gait-Prediction Technology and Public Benchmark Evaluation

Lower-limb wearable interfaces commonly combine neuromuscular and mechanical
signals, including EMG, inertial measurements, kinematics, and kinetics, to support locomo-
tion recognition, gait-event detection, and exoskeleton or prosthesis front ends [1–3,10–13].
Reviews of active lower-limb devices emphasize that controller performance depends on
reliable sensing and state estimation [4,14,15]. Applied studies span real-time gait-phase
estimation, prosthetic walking-speed estimation, joint-moment prediction, and subject-
specific gait-phase feature selection [16–19]. These studies establish the engineering value
of wearable motion-prediction technology, but they do not make calibration quality the
variable that governs a new-user update. Deep temporal models such as convolutional and
recurrent networks are attractive for time-series prediction [20–22], but increasing model
capacity alone does not resolve unreliable calibration.

Early gait-phase prediction is harder than current-state recognition because the target
may change after the end of the observation window. In assistive devices, this is also the
more relevant setting: a controller often needs time to prepare assistance before a phase
transition is fully visible. A protocol that evaluates only current-phase classification can
therefore overestimate deployment usefulness. This paper treats current-phase recognition
as the 0 ms horizon and evaluates future-phase prediction at 100 and 200 ms using the
same held-out user and complete-bout split.

2.2. New-User Personalization in Wearable Sensing

Subject variability is a major barrier in lower-limb wearable interfaces. Human-in-
the-loop optimization and personalization studies show that user-specific adaptation can
improve wearable devices’ assistance and recognition performance [23–25]. Gait-phase
studies likewise report user-dependent feature and model behavior [19]. In practice,
however, user-specific calibration is often collected quickly and under imperfect sensing
conditions. Meta-learning methods such as model-agnostic meta-learning (MAML) learn
an initialization for rapid gradient-based adaptation, whereas prototypical networks learn
an episodic metric space for few-shot classification [26,27]. Conditional modulation and
parameter-efficient adapters offer other ways to limit task-specific updates [28,29]. These
families address how a model should adapt efficiently; the present study asks how strongly
a completed calibration session should be trusted when it may be polluted.

The relevant distinction is between using calibration data after it is collected and de-
ciding how strongly the model should trust it. Existing studies of wearable gait-prediction
technology and personalization establish the sensing and adaptation context, but they
typically do not use calibration quality to scale a source-centered penalty during new-user
head adaptation.

2.3. Sensor Degradation and Unreliable Calibration

Wearable sensors are vulnerable to missingness, outliers, contact variation, fatigue,
and placement changes. EMG is especially sensitive to arm-position variation, electrode
shift, baseline noise, motion artifacts, and physiological variability [6,7,30,31]. K2MUSE is
relevant because it explicitly includes lower-limb rehabilitation robotics data across task
and acquisition variability, including fatigue, inter-day differences, and shift conditions [8].
When these degraded patterns enter the calibration set, the adaptation gradient follows the
polluted calibration distribution. If every window is trusted equally, the prediction head
can move toward a boundary that fits the corrupted session but performs worse on later
clean data. Sensor degradation can therefore become calibration degradation and, in turn,
harmful adaptation.
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Simulated degradation and real non-ideal acquisition stress different aspects of the
same adaptation problem. BLISS evaluates the early gait-phase prediction protocol, whereas
K2MUSE provides mechanism-level evidence for the reliability-controlled adaptation rule
under real non-ideal calibration.

2.4. Reliability-Controlled Adaptation

Several neighboring families of methods stabilize transfer in different ways. Meta-
learning changes the source-training objective, prototypical learning changes the classifier
geometry, domain adaptation aligns source and target representations, parameter-efficient
tuning restricts the updated parameter set, and source-centered regularization penalizes
departure from pretrained parameters [26,27,29,32,33]. Reliability-aware test-time methods
can also select informative samples and preserve important source weights during an unla-
beled test stream [34]. DTR-HA addresses a different setting: labeled new-user calibration
is available, and its estimated quality controls both sample contribution and source-head
anchoring after source training.

The closest controlled comparisons in this study therefore keep the source model and
calibration information fixed. Weight-only HA changes the sample contribution, Fixed-
anchor HA applies a static source penalty, and DTR-HA combines reliability weighting
with reliability-scaled anchoring. Low-learning-rate and full-network controls test whether
the result follows simply from smaller steps or a larger adaptation surface. The numerical
claims in this paper are limited to these evaluated adaptation-stage comparisons; we do
not claim the superiority of our method over meta-learning, prototypical-learning, or
domain-adaptation methods.

Table 1 summarizes the methodological position of DTR-HA relative to the adjacent
adaptation families discussed above.

Table 1. Methodological position of DTR-HA relative to adjacent adaptation families. The comparison
is conceptual; no numerical superiority over the external method families is claimed. Abbreviations:
DTR-HA, Dynamic Trust-Region Head Adaptation; MAML, model-agnostic meta-learning.

Method Family Main Intervention Calibration-Quality Role Relation to DTR-HA

MAML/meta-
learning [26]

Learns an initialization for
rapid task adaptation

Not required by the original
objective

Can provide the source
initialization before DTR-HA

Prototypical learning [27] Learns an episodic
metric-space classifier

Not required by the original
objective

Changes the classifier
formulation; could be
combined with reliability
control

Feature-level domain
adaptation [32]

Aligns or modifies source/
target representations

Targets domain discrepancy
rather than calibration trust

Can precede a reliability-
controlled head update

Parameter-efficient
tuning [29]

Restricts trainable
parameters

No direct calibration-quality
control Small update surface

Test-time adaptation with
sample selection [34]

Selects test samples and
preserves source weights

Reliability acts on an
unlabeled test stream

Adjacent sample-selection
setting

Source-centered
regularization [33]

Penalizes departure from
pretrained parameters Static reference penalty Closest anchoring relation

DTR-HA Weights calibration samples
and scales source anchoring

Window- and set-level
calibration reliability

Controls labeled new-user
head adaptation
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3. Materials and Methods
3.1. Study Overview

Figure 1 summarizes the framework. A source temporal convolutional network (TCN)
is trained in each LOSO fold. For a held-out user, complete calibration bouts are used for
personalization and later disjoint bouts are used for final testing. During personalization,
the temporal encoder is frozen and only the prediction head is updated. DTR-HA controls
this update using calibration reliability.

Full experimental-configuration details are provided in Supplementary Table S7.

3.2. Role-Separated Public-Dataset Reliability Design

The experiments use public datasets in complementary roles. BLISS, provided by the
University of Bath Research Data Archive (Bath, UK; Version 3) (DOI: https://doi.org/
10.15125/BATH-01425), is the target task dataset: each fold trains on 20 subjects, holds
out one unseen user, uses early complete bouts for calibration, and reserves later disjoint
bouts for final 0/100/200 ms gait-phase prediction. K2MUSE, provided through its official
project page (https://k2muse.github.io/) and described in the corresponding IJRR article
(DOI: https://doi.org/10.1177/02783649261444046), supplies real non-ideal calibration
variability by mixing held-out-user Ideal cycles with Fatigue, ShiftAll, or broader non-Ideal
cycles before testing on disjoint Ideal cycles. In the K2MUSE stress test, the downstream task
classifier predicts terrain class (level ground, stair ascent, or stair descent) from cycle-level
features, while the reliability scorer estimates Ideal versus non-Ideal calibration context.
As a secondary target-pipeline check, we corrupt only held-out BLISS calibration bouts
while keeping source training and final test bouts clean. This check links the K2MUSE
non-ideal calibration evidence back to the BLISS gait-prediction setting without treating
it as a separate general protocol. This role-separated design prioritizes reproducibility,
leakage control, simulated and real calibration stress tests, negative controls for reliability,
and adaptation-stage drift analysis.

Reliability-controlled new-user adaptation for wearable gait prediction

source users held-out user
calibration bouts

later test bouts
calibration windows

High reliability

ϕ0

ϕDTR high ̄r
more adapt.

Low reliability

ϕ0

ϕDTR low ̄r
safer adapt.

miss. shift fatigue noise

0 ms 100 ms 200 ms

macro-F1 risk

neg. adapt. drift

reliability ̄r DTR-HA control

source
TCN

encoder
fθ

head
ϕ0

weighted CE

source
anchor

adapted
ϕDTR
head

DTR = weighted CE + λ( ̄r)‖ϕ−ϕ0‖2
2

reliability controls head drift

BLISS
target task

K2MUSE
non-Ideal calibration

BLISS target-pipeline
check

Shared failure:
polluted calibration → drift

A. Calibration risk D. PredictionB. DTR-HA adaptation

C. Reliability-conditioned source anchoring Evidence-role design

Figure 1. Main architecture of reliability-controlled new-user gait-prediction adaptation.
Panel (A) shows short calibration bouts that may be clean or polluted. Panel (B) shows DTR-
HA: reliability controls sample weighting and source-head anchoring while the encoder remains
frozen. Panel (C) illustrates reliability-dependent source anchoring. Panel (D) summarizes disjoint
0/100/200 ms evaluation and outcome metrics. The evidence-role strip connects BLISS and K2MUSE
evidence through calibration-induced head drift. Abbreviations: BLISS, Bilateral Lower-Limb Neu-
romechanical Signals dataset; CE, cross-entropy; DTR-HA, Dynamic Trust-Region Head Adaptation;
TCN, temporal convolutional network.
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3.3. Preprocessing

All preprocessing operations are fit only on the training subjects of the current LOSO
fold. Non-finite values are converted to missing entries. Features that are entirely non-
finite in the training fold are removed, and remaining missing values are imputed using
training-fold medians. A signed logarithmic transform,

x̃ = sign(x) log(1 + |x|), (1)

is applied before standardization. The training-fold imputer, feature mask, and scaler are
then reused for held-out calibration and final test data. No held-out test statistics are used
for preprocessing.

For BLISS, temporal windows contain five consecutive 50 ms frames. Horizon labels
are generated by shifting the target within each complete bout; terminal samples without
a future label are discarded. For K2MUSE, cycle-level feature rows are used for the real
non-ideal calibration stress test.

3.4. Problem Formulation

Let Xt = [xt−L+1, . . . , xt] ∈ RL×C be a window of wearable-device data ending at time
t, where L is the sequence length and C is the feature dimension. For prediction horizon
∆h ∈ {0, 100, 200} ms, the target is

y(h)t = y(t + ∆h). (2)

In each LOSO fold, subject s is held out and the source model is trained on all other subjects.
The held-out user’s data are split by complete walking bouts into a calibration set A(k)

s and
a disjoint test set Ts. No adjacent-window random split is used between calibration and
final testing.

The calibration budgets for BLISS are k ∈ {0, 1, 3, 5, 10} complete walking bouts.
The k = 0 case is the source-only model. For k > 0, the source TCN encoder remains
frozen and the prediction head is updated using only the selected calibration bouts. The
final test set is unchanged across methods within each fold and horizon, enabling direct
comparisons between the Source-only, Plain HA, Weight-only HA, Fixed-anchor HA,
and DTR-HA methods. The budget is expressed in complete walking bouts rather than
randomly sampled windows because this better approximates a short new-user setup
session. The setting of 1–10 bouts represents a low-burden personalization regime: the user
provides only a small number of complete walking trials before final evaluation on disjoint
later bouts. No fixed duration is assumed because bout duration is dataset-dependent.

3.5. Source TCN and Head-Only Personalization

The source model is
pθ(X) = softmax(gϕ( fθ(X))), (3)

where fθ is a temporal convolutional encoder and gϕ is the prediction head. The BLISS TCN
uses three 1-D convolutional blocks with kernel size 3 and dilations 1, 2, and 4, followed by
a linear prediction head. For each LOSO fold, the source TCN is trained on the training
subjects and then frozen during adaptation to the held-out user; the experiments do not
reuse cached source checkpoints across folds.

The TCN is intentionally lightweight to keep the adaptation-stage comparison inter-
pretable. A fixed, compact encoder reduces the chance that few-shot results are dominated
by a large representation change and makes head-only and full-network controls easier
to compare. In the main BLISS runs, the hidden dimension is 64, the dropout is 0.2, the
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batch size is 512, and the source training window cap is 40,000 windows per fold/horizon.
Adam-style optimization with weight decay is used. During personalization, only the
linear head parameters are updated, keeping adaptation fast and auditable. This choice is
compatible with wearable front ends, but it is made here for experimental control rather
than as evidence of hardware deployment.

3.6. Plain, Weight-Only, and Fixed-Anchor Head Adaptation

Plain Head Adaptation updates the prediction head with all calibration samples
equally using the cross-entropy (CE) loss:

Lplain(ϕ) =
1
N

N

∑
i=1

CE
(
yi, gϕ( fθ(Xi))

)
. (4)

Weight-only Head Adaptation assigns reliability score ri ∈ [0, 1] to each calibration window
and uses sample weight wi = s(ri):

Lweight(ϕ) =
1

∑i wi + ϵ ∑
i

wi CE
(
yi, gϕ( fθ(Xi))

)
. (5)

Here and in Equation (7), ϵ is a small numerical constant set to 10−8 to avoid division
by zero. It is used only as a numerical safeguard. The implementation applies a positive
weight floor and normalizes nonzero weights over the calibration set before mini-batches
are formed. Under this procedure, the denominator remained well away from zero in
every nonempty adaptation batch used in the reported experiments. The zero-bout setting
uses the Source-only model and does not evaluate the adaptation loss, while the positive
floor prevents an all-zero weighting case. Thus, ϵ is not a tuned hyperparameter; changing
it by several orders of magnitude around 10−8 would not materially affect the reported
optimization. In the main experiments, s(ri) = max(ri, 10−6)γ with γ = 1, followed by
mean normalization of the nonzero weights over the calibration set before mini-batches
are formed. Thus, lower-reliability calibration windows contribute less to the adaptation
loss, while the normalization keeps the effective loss scale comparable. Fixed-anchor Head
Adaptation adds a static source-head penalty:

Lfixed(ϕ) = Lplain(ϕ) + λ0∥ϕ − ϕ0∥2
2, (6)

where ϕ0 is the source prediction head. The notation ∥ · ∥2 denotes the Euclidean norm over
all prediction-head parameters, including the weight matrix and bias vector. The squared
norm is used in the anchoring losses, whereas the unsquared norm is later reported as
prediction-head drift.

These three baselines separate the components of the adaptation problem. Plain HA
lets the calibration loss freely move the head. Weight-only HA changes which calibration
samples influence the loss, but if the retained weighted evidence is still biased, the final
head may drift too far. Fixed-anchor HA constrains drift, but the boundary is the same
whether the calibration set is clean or polluted. The missing mechanism is therefore a
reliability-dependent boundary on the final personalization step.

3.7. Dynamic Trust-Region Head Adaptation as Source Anchoring

DTR-HA combines reliability weighting with reliability-scaled source anchoring:

LDTR(ϕ) =

[
1

∑i wi + ϵ

N

∑
i=1

wi CE
(
yi, gϕ( fθ(Xi))

)]
+ λ(r̄)∥ϕ − ϕ0∥2

2. (7)
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The normalization term applies only to the reliability-weighted cross-entropy term; the
source-head penalty is added as a separate anchoring term. Here, r̄ = N−1 ∑i ri is the
calibration-set reliability. The source-anchor strength is larger when calibration reliability
is lower:

λ(r̄) = λ0[1 + κ(1 − r̄)]. (8)

Thus, reliable calibration receives a weaker source penalty, whereas unreliable calibration
receives a stronger penalty against movement from the source head. The temporal encoder
remains fixed, and so this regularization acts directly on prediction-head personalization.

The main experiments use λ0 = 0.001 and κ = 1. These values were retained from
preliminary development and then fixed for the full-scale runs; they were not retuned by
held-out subject or condition group, and no nested search was used to describe them as
optimal. With κ = 1, the anchor coefficient varies smoothly from 0.001 at full reliability to
0.002 at zero reliability.

Here, “trust region” denotes a soft source-centered penalty on the prediction head
rather than a hard constrained optimizer. The scalar κ controls how strongly the anchor
tightens as reliability decreases. Within the reliability-weighted DTR-HA sensitivity family,
κ = 0 gives a static-anchor reference; it is not identical to Fixed-anchor HA because the
cross-entropy term remains reliability-weighted.

Figure 2 illustrates how calibration reliability changes the allowed displacement of the
personalized prediction head from its source initialization.

A. Source head reference

reference before adaptation

source ϕ0

soft boundary

B. High reliability: relaxed boundary

large ̄r -> smaller λ

source ϕ0

soft boundary

ϕDTR

C. Low reliability: tightened boundary

small ̄r -> larger λ

source ϕ0

soft boundary

ϕDTR

D. Plain HA: unrestricted drift

polluted calibration can over-adapt

source ϕ0

ϕHA

Reliability-scaled source anchoring in prediction-head parameter space

Figure 2. Reliability-scaled source anchoring in prediction-head parameter space. High calibration
reliability relaxes the source-centered boundary and permits more personalization, whereas low
reliability tightens the boundary and keeps the adapted head closer to ϕ0. Plain HA lacks this
reliability-conditioned source boundary.

The practical random-forest (RF)-scored K2MUSE setting estimates reliability without
held-out test labels. Oracle reliability is used only as an upper-bound diagnostic.
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3.8. Reliability Scoring

Reliability is used here as an operational calibration-quality proxy rather than a direct
physical measurement such as electrode impedance or a physiological EMG signal-quality
index. The BLISS and K2MUSE scores are dataset-specific implementations of the same
engineering variable: whether the current calibration evidence should be trusted strongly
enough to drive new-user personalization.

In BLISS, reliability is a transparent sensing-availability and abnormality proxy based
on finite-value ratio, missing-value rate, flat-channel indicators, and robust outlier in-
dicators under simulated degradation. In K2MUSE, the held-out blind RF scorer is a
context-based calibration-quality scorer: it distinguishes Ideal from non-Ideal acquisition-
context distribution shifts using precomputed cycle-level features after excluding metadata
identifiers. Training rows come only from non-held-out subjects, and the binary scorer
label is Ideal versus non-Ideal condition. Held-out subject labels are not used to fit the
scorer, choose DTR weights, or train the downstream terrain classifier. A fatigue-labeled
cycle may still contain usable waveform segments, and so the RF score is interpreted as an
acquisition-context proxy rather than an electrode-impedance measurement or physiologi-
cal fatigue estimator. Optional selective prediction and risk-coverage curves are reported
in Supplementary Figure S1.

3.9. Metrics

The primary predictive metric is macro-F1. For unreliable calibration, empirical risk,
negative adaptation, subject-level wins, and prediction-head drift are used as stability-
oriented engineering metrics. Risk is the empirical error rate, 1 − M−1 ∑M

j=1 1[ŷj = yj],
computed on the held-out test windows or cycles. Because risk is computed from prediction
errors, it is not necessarily equal to 1 − macro-F1. Subject-level wins and losses are paired
comparisons of macro-F1 against the stated baseline, usually Plain HA, for the same subject,
condition group, and prediction horizon. Negative adaptation counts held-out subjects for
which an adapted model has lower macro-F1 than the Source-only model on the same test
set. We also report prediction-head drift,

dhead = ∥ϕ − ϕ0∥2. (9)

Selective-prediction coverage and accepted-risk definitions are provided in Supplementary
Note S1 and illustrated in Supplementary Figure S1.

4. Results
4.1. Early Prediction and Few-Shot Adaptation Established on BLISS

Table 2 summarizes the 21-subject BLISS LOSO early prediction result. Source-only
macro-F1 decreases from 0.5710 at the current phase to 0.5432 and 0.5096 at 100 and 200 ms
horizons, confirming that future prediction is harder. This trend is expected because the
model must infer the future phase from an observation window that may precede the next
transition. The moderate 0 ms source-only macro-F1 should also be interpreted under the
strict protocol used here: subjects are fully held out, calibration and test windows come
from disjoint complete bouts, and no adjacent-window random split is used. Thus, the 0 ms
setting is a strict unseen-user current-phase baseline rather than an easier within-subject
random-window classification task. The result also confirms that the task is not a trivial
current-state classification problem.

Few-shot head adaptation improves results for most held-out users. With 10 complete
walking bouts, macro-F1 increases to 0.6116, 0.5788, and 0.5515 at 0, 100, and 200 ms,
corresponding to gains of +0.0405, +0.0356, and +0.0420. Importantly, these gains are
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obtained under complete-bout separation: calibration and final test windows do not come
from the same walking bout.

Table 2. BLISS early gait-phase prediction and few-shot personalization. Values are mean macro-
F1 ± standard deviation across 21 LOSO folds. Gains and improved-subject counts are relative to the
source-only 0-bout model at the same horizon.

Horizon Budget Macro-F1 Gain vs. Source-Only Improved Subjects

0 ms 0 bout 0.5710 ± 0.2420 – –
0 ms 1 bout 0.5912 ± 0.2305 +0.0202 17/21
0 ms 3 bouts 0.5951 ± 0.2301 +0.0241 15/21
0 ms 5 bouts 0.6042 ± 0.2275 +0.0332 18/21
0 ms 10 bouts 0.6116 ± 0.2203 +0.0405 20/21

100 ms 0 bout 0.5432 ± 0.2279 – –
100 ms 1 bout 0.5615 ± 0.2299 +0.0183 18/21
100 ms 3 bouts 0.5644 ± 0.2310 +0.0212 17/21
100 ms 5 bouts 0.5705 ± 0.2334 +0.0273 17/21
100 ms 10 bouts 0.5788 ± 0.2303 +0.0356 19/21

200 ms 0 bout 0.5096 ± 0.2175 – –
200 ms 1 bout 0.5335 ± 0.2179 +0.0239 19/21
200 ms 3 bouts 0.5326 ± 0.2212 +0.0230 18/21
200 ms 5 bouts 0.5415 ± 0.2202 +0.0319 18/21
200 ms 10 bouts 0.5515 ± 0.2159 +0.0420 20/21

The standard deviations are large because held-out subjects differ substantially. This
heterogeneity motivates personalization and reliability-aware adaptation. The few-shot
gains appear across all three horizons and improve results for most subjects in the 10-bout
setting, establishing BLISS as the target early-prediction protocol.

4.2. K2MUSE Provides the Real Non-Ideal Mechanism Evidence

The K2MUSE endpoint analysis focuses on the high-pollution setting where the
robustness advantage is clearest. Under 75% bad calibration, DTR-HA reduced empir-
ical risk by 20–23% relative to Plain HA, with macro-F1 gains of +0.018 to +0.022 and
lower prediction-head drift. Full dose–response trends are presented in Supplementary
Figure S6 and the corresponding source tables. Oracle reliability is retained only as an
upper-bound diagnostic.

Within this role-separated design, K2MUSE serves as a real non-Ideal calibration
stress test for the reliability-controlled adaptation mechanism rather than as a second
gait-phase benchmark. The shared object of analysis is prediction-head movement induced
by polluted calibration, and so K2MUSE macro-F1 values are interpreted only within this
stress-test setting and are not compared directly with BLISS.

Table 3 reports the main 75% bad-calibration endpoint. Risk and stability provide the
clearest robustness signal: empirical risk decreases by about 20.6%, 20.5%, and 23.0% in All
non-Ideal, Fatigue, and ShiftAll, respectively; subject-level paired wins total 8/10, 10/10,
and 7/8; and prediction-head drift is lower than that of Plain HA in all three groups. Macro-
F1 also improves by +0.0204, +0.0184, and +0.0219 relative to Plain HA. DTR-HA has the
largest relative risk reduction and drift reduction in all three non-Ideal calibration groups.
All non-Ideal and Fatigue provide the strongest paired evidence (Wilcoxon p = 0.0098 and
p = 0.0020). ShiftAll exhibited a directional improvement with 7/8 paired wins, although
the paired test was not statistically significant under the current sample size (p = 0.1484).
Subject-level endpoint rows are provided in Supplementary Table S2.
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Table 3. K2MUSE main evidence at 75% bad calibration. Positive ∆F1, risk reduction, and drift
reduction are relative to Plain HA within the same condition group. DTR-HA combines reliability
weighting with reliability-controlled source anchoring. Bold values identify the DTR-HA row in each
condition group.

Condition Group Method Macro-F1 ∆F1 Risk Risk Red. (%) Wins vs. Plain Head Drift Drift Red.

All non-ideal Plain HA 0.8947 0.0000 0.1020 0.0 – 0.4509 0.0000
All non-ideal Weight-only HA 0.9087 +0.0140 0.0876 14.1 10/10 0.4384 +0.0125
All non-ideal Fixed-anchor HA 0.8949 +0.0002 0.1018 0.2 5/10 0.4507 +0.0002
All non-ideal DTR-HA 0.9150 +0.0204 0.0810 20.6 8/10 0.4168 +0.0341

Fatigue Plain HA 0.9034 0.0000 0.0929 0.0 – 0.4171 0.0000
Fatigue Weight-only HA 0.9155 +0.0120 0.0806 13.2 10/10 0.4177 −0.0006
Fatigue Fixed-anchor HA 0.9034 0.0000 0.0930 −0.1 5/10 0.4184 −0.0013
Fatigue DTR-HA 0.9219 +0.0184 0.0739 20.5 10/10 0.4040 +0.0131

ShiftAll Plain HA 0.8988 0.0000 0.0991 0.0 – 0.4300 0.0000
ShiftAll Weight-only HA 0.9165 +0.0177 0.0812 18.1 8/8 0.4155 +0.0145
ShiftAll Fixed-anchor HA 0.8983 −0.0005 0.0996 −0.5 3/8 0.4313 −0.0013
ShiftAll DTR-HA 0.9207 +0.0219 0.0763 23.0 7/8 0.4003 +0.0297

The method comparison in Table 3 separates the components of the dynamic trust
region. Weight-only HA helps under bad calibration by reducing the influence of unreliable
samples. Fixed-anchor HA constrains drift with a static boundary. DTR-HA combines
reliability-weighted evidence with a reliability-scaled source boundary, which explains the
lower risk and drift in the strongest polluted-calibration settings. Weight-only HA produced
many small subject-level improvements, whereas DTR-HA achieved lower empirical risk
and smaller head drift. The dynamic source anchor therefore improves conservative risk
and drift control instead of simply maximizing the count of small positive changes.

4.3. Head Drift and Source Anchoring

DTR-HA keeps the adapted prediction head closer to the source head under polluted
calibration. At 75% bad calibration, the method’s head-drift reduction is aligned with macro-
F1 gain across K2MUSE condition groups (Table 3), consistent with the intended source-
anchoring mechanism. Detailed drift plots are provided in the Supplementary Materials.

At the subject level, DTR-HA improves results for 8/10 subjects in All non-Ideal
calibration, 10/10 in Fatigue, and 7/8 in ShiftAll. These wins are relevant because the target
problem is reliable unseen-user personalization rather than only a pooled mean. Detailed
subject-level gain distributions are provided in Supplementary Figure S5.

4.4. BLISS Target-Pipeline Calibration Stress Test

This additional BLISS target-pipeline stress test asks the same mechanism-level ques-
tion inside the target early gait-phase pipeline: can polluted calibration induce harmful
head drift, and can reliability-controlled anchoring constrain it? Source training subjects
and held-out final test bouts remain clean; simulated corruption is applied only to held-out
calibration bouts.

At 75% bad calibration, DTR-HA keeps macro-F1 nearly unchanged relative to Plain
HA (−0.0004, −0.0006, and −0.0029 at 0, 100, and 200 ms) while reducing the head-drift
norm by +0.0105, +0.0080, and +0.0068. In this clean-source/polluted-calibration/clean-test
target-pipeline stress-test setting, the main effect is performance-preserving drift control
inside the gait-phase pipeline. Paired tests show drift-control effects at 0 and 200 ms, with
a directional trend at 100 ms (0 ms: p = 0.0175; 100 ms: p = 0.0646; 200 ms: p = 0.0038).

Table 4 adds the Source-only reference. Plain HA and DTR-HA remain above Source-
only macro-F1 for all three horizons, indicating that limited personalization remains useful.
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The design question is how much head movement should be allowed when calibration
is polluted.

Table 4. BLISS target-pipeline 75% bad-calibration trade-off. The main effect is performance-
preserving drift control: DTR-HA keeps macro-F1 within 0.003 of Plain HA while reducing head
drift, with reduced negative adaptation at 200 ms.

Horizon Source-Only Plain HA DTR-HA
∆F1 vs. Plain Head-Drift Negative Adaptation

(ms) Macro-F1 Macro-F1 Macro-F1 Reduction Plain→DTR

0 0.5655 0.6029 0.6025 −0.0004 +0.0105 1/21→1/21
100 0.5261 0.5658 0.5652 −0.0006 +0.0080 2/21→3/21
200 0.5146 0.5486 0.5458 −0.0029 +0.0068 6/21→4/21

The compact trade-off table emphasizes that DTR-HA primarily controls drift while
preserving macro-F1 within a small tolerance.

Supplementary subject-level analyses show horizon dependence. At 200 ms, DTR-HA
reduced negative-adaptation cases from 6/21 to 4/21 and rescued two held-out subjects that
Plain HA moved below the source-only model. The rescue effect was horizon-dependent:
DTR-HA reduced negative adaptation at 200 ms, showed no change at 0 ms, and did not
reduce the negative-adaptation count at 100 ms. This suggests that conservative anchoring
may limit adaptation for a small number of heterogeneous users at intermediate horizons.

Additional BLISS diagnostics keep the analysis tied to gait prediction: near-transition
windows are harder than steady-phase windows at future horizons, and head-only adapta-
tion remains competitive under mixed-corruption calibration.

Detailed BLISS target-pipeline stress-test drift plots are provided in the Supplemen-
tary Materials.

4.5. Reliability Negative Controls and Adaptation-Stage Robustness

The reliability score is a lightweight sensing-availability and calibration-context proxy.
Its role is to identify gross reliability changes relevant to adaptation, including missing chan-
nels, abnormal finite ratios, outliers, and held-out blind non-Ideal acquisition probabilities.

Reliability-ranked BLISS calibration, K2MUSE dose–response behavior, drift reduc-
tion, and supplementary correlation analyses all point to task-relevant calibration-quality
information in the reliability score.

K2MUSE reliability negative controls compare normal RF-scored reliability with shuf-
fled, random, inverse, and constant assignments while recomputing the adapted heads.
These controls separate generic conservative protection from reliability-ordered adapta-
tion. Table 5 reports normal reliability performance and the macro-F1 drops caused by
shuffled, constant, inverse, or random reliability assignments, supporting the importance
of meaningful reliability ordering. Thus, the strongest adaptation benefit depends on
meaningful calibration-quality ordering, not only on adding a source penalty. These reruns
test reliability-ordering effects and are not intended as a row-by-row reproduction of the
Table 3 endpoint.

Rescue-harm analysis gives the same risk-oriented picture. Under 75% bad calibration,
DTR-HA reduced negative adaptation from 4/10 to 0/10 in All non-Ideal calibration, from
1/10 to 0/10 in Fatigue, and from 3/8 to 1/8 in ShiftAll. In the BLISS target-pipeline
test at 200 ms, negative adaptation decreased from 6/21 to 4/21, with two rescued held-
out subjects.

Compact rescue-harm and evidence-closure summaries are provided in Supplemen-
tary Tables S3 and S6.
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Table 5. K2MUSE reliability negative controls under 75% bad calibration. Normal RF macro-F1 is
reported within the negative-control rerun protocol; the other columns show ∆macro-F1 relative to
the normal reliability assignment. The table tests reliability-ordering effects rather than reproducing
Table 3 endpoint.

Condition Group Normal RF Macro-F1 Shuffled ∆F1 Constant ∆F1 Inverse ∆F1 Random ∆F1

All non-Ideal 0.9205 −0.0252 −0.0156 −0.0239 −0.0164
Fatigue 0.9220 −0.0200 −0.0125 −0.0231 −0.0141
ShiftAll 0.9351 −0.0251 −0.0198 −0.0255 −0.0234

In a dedicated 75% bad-calibration sensitivity rerun, the mean gain over Plain HA
remained positive for every tested κ ∈ {0, 0.5, 1, 2, 4, 8} in all three K2MUSE groups
(Supplementary Figure S2). Lowering the Plain HA learning rate also failed to reproduce
the combined macro-F1 and drift pattern: its best values were 0.8930, 0.8965, and 0.9036,
compared with 0.9150, 0.9219, and 0.9207 for DTR-HA (Supplementary Table S4). The
BLISS full-network sanity check likewise showed no systematic advantage over head-only
adaptation across the three horizons (Supplementary Table S5).

5. Discussion
Across BLISS, K2MUSE, and the additional BLISS calibration-pollution check, the

failure mode appears at the adaptation stage. A source model may be useful for gait
prediction, yet a short calibration session can still move the new-user head in the wrong
direction. K2MUSE is used here as a real non-ideal calibration stress test, not as a second
gait-phase benchmark; the BLISS check asks whether the same drift behavior is visible
inside the target pipeline.

The key methodological distinction is where reliability enters the update. Weight-only
HA changes the contribution of individual windows, whereas Fixed-anchor HA applies the
same source penalty to every calibration set. DTR-HA combines the two levels: window
scores weight the calibration loss, and set-level reliability scales the penalty on whole-head
displacement. The negative controls sharpen this distinction. Constant reliability provides
some generic protection, but shuffled, random, and inverse assignments weaken the result,
showing that the ordering of calibration quality matters.

This is adaptation-stage robustness rather than robustness to noisy test inputs or
closed-loop robust control. The corrupted object is the model update itself. Negative
adaptation is therefore a useful failure measure: it records cases in which personalization
performs worse than retaining the Source-only head. Lower empirical error, fewer negative-
adaptation cases, and smaller head drift reflect an update that is less harmful under polluted
calibration; macro-F1 remains the primary predictive metric.

The practical significance is clearest in the high-pollution setting. K2MUSE shows
a 20–23% relative reduction in empirical test error and wins in 25 of 28 paired subject-
condition comparisons. The BLISS result is more mixed: macro-F1 remains within 0.003
of Plain HA, head drift decreases at every horizon, and the negative-adaptation count
improves only at 200 ms. These results favor conservative personalization when calibration
is doubtful, while leaving room for stronger user-specific adaptation when the evidence
is reliable.

Head-only adaptation is deliberate in this setting. Freezing the temporal encoder
preserves the gait representation learned from source users, reduces the number of pa-
rameters exposed to few-shot overfitting, and keeps the update easier to inspect. In the
BLISS pipeline, only the 325-parameter head is updated. The same reliability-control idea
may be useful for inertial-measurement-unit (IMU)-, electroencephalography (EEG)-, or
electrocardiography (ECG)-based personalization, but each modality would require its
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own failure model, reliability estimator, and validation; the present experiments do not
establish those extensions.

Practical Deployment Considerations

DTR-HA requires a reliability estimate suited to the device and protocol, not a univer-
sal scorer. Historical labeled non-ideal data can support a held-out blind scorer such as the
K2MUSE RF model; otherwise, missingness, finite-value ratio, flat-channel indicators, and
robust outlier statistics provide transparent first-line proxies, as in the BLISS check. Very
low-trust calibration may be handled by retaining the source head or requesting recalibra-
tion. In the logged BLISS runs, DTR-HA added about 2.6% adaptation-stage overhead and
no extra prediction-head parameters after adaptation.

6. Limitations and Future Work
This is an offline public-dataset evaluation of reliability-controlled new-user adapta-

tion. It does not include hardware-in-the-loop testing, closed-loop assistive-device control,
assistive-force generation, or long-term online adaptation. The reliability estimators are
intentionally lightweight and dataset-specific. BLISS uses a transparent sensing proxy,
whereas the held-out blind K2MUSE RF scorer relies on historical Ideal versus non-Ideal
acquisition-context labels. A new device without such labeled history would require
transparent signal-quality proxies or unsupervised anomaly detection. The BLISS target-
pipeline stress test is an auxiliary within-dataset check rather than evidence of cross-target
generality. K2MUSE’s subject-level sample size is limited, especially for ShiftAll, where
only eight held-out subjects were available; ShiftAll showed a directional improvement
with 7/8 paired wins, but the paired test was not statistically significant at the current
sample size (p = 0.1484). The study evaluates adaptation behavior offline and does not test
downstream control decisions.

Future work can examine reliability estimators that incorporate uncertainty, signal-
quality measures, or conformal scores, together with robust adaptation losses such as
generalized cross entropy or worst-group objectives. DTR-HA could also be applied after a
meta-learned initialization or a domain-adapted representation instead of treating these
approaches as substitutes [26,27,32]. Hardware-in-the-loop and closed-loop studies are still
needed to determine whether the offline reduction in harmful personalization improves
assistive-device timing.

7. Conclusions
This paper studies reliability-controlled new-user adaptation for lower-limb gait

prediction with wearable devices under unreliable calibration. BLISS establishes the unseen-
user early prediction protocol, K2MUSE provides real non-ideal calibration evidence, and
an additional BLISS calibration-pollution test checks the same drift behavior inside the
target pipeline. DTR-HA combines reliability-weighted calibration loss with a reliability-
scaled soft penalty around the source head. Under polluted calibration, it reduces empirical
risk, harmful prediction-head drift, and negative adaptation in the K2MUSE stress tests
while keeping the BLISS target-pipeline macro-F1 within a small tolerance and reducing
head drift. The resulting design rule is direct: calibration quality should determine how
strongly a new-user update is anchored to the source head.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/app16157661/s1. The supplementary material is supplied as
one PDF and contains: Table S1, BLISS early-prediction and few-shot adaptation; Table S2, K2MUSE
subject-level DTR-HA gains; Table S3, BLISS target-pipeline stress-test trade-off summary; Table S4,
low-learning-rate Plain HA controls; Table S5, BLISS transition-window, per-phase, and full-network
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fine-tuning analyses; Table S6, reliability and robustness controls; Table S7, experimental configuration
checklist; Figure S1, selective-prediction risk–coverage curve; Figure S2, source-anchor sensitivity;
Figure S3, reliability-score audit; Figure S4, BLISS transition-window diagnostics; Figure S5, K2MUSE
subject-level DTR-HA gains; Figure S6, K2MUSE bad-calibration dose–response; and Supplementary
Note S1, selective-prediction risk–coverage definitions.
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